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ABSTRACT

Aim/Purpose The study proposes and evaluates a theory-driven analytics methodology for in-
ferring learners’ cognitive load and performance from Moodle log data in online
learning environments.

Background Although Moodle captures rich learner interaction data, existing analytics largely
focus on descriptive engagement metrics and provide limited insight into learn-
ers’ cognitive processes. This gap restricts the ability of learning analytics to
support cognitively informed instructional design and adaptive learning,

Methodology An experimental design was employed, with 324 undergraduate students from
three faculties in a public University, randomly assigned to treatment and con-
trol groups. The treatment group received cognitive load-informed interface
scaffolds, while the control group accessed the same content without interven-
tions. Moodle log data collected over four weeks were analyzed using statistical
tests, clustering, classification, and association rule mining within a nine-step an-
alytics workflow implemented in Python.

Contribution The study introduces a reproducible analytics methodology that explicitly em-
beds extraneous, intrinsic, and germane cognitive load constructs into Moodle
log analysis, extending existing ILMS analytics frameworks from descriptive en-
gagement monitoring to theory-grounded explanatory and predictive analysis.
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From Moodle Logs to Cognitive Load and Performance Insights

Findings Results indicate that treatment learners demonstrated significantly higher en-
gagement and performance than control learners, with large effects for course
activity completion (d = 0.77) and module views (d = 0.65), and moderate ef-
fects for quiz grades (d = 0.38). Machine learning analyses further revealed
more differentiated behavioral patterns and stable associations between cogni-
tive load-related behaviors and learning outcomes among treatment learners.

Recommendations ~ Educators and instructional designers can apply the proposed methodology to

for Practitioners unobtrusively monitor learners’ cognitive load and implement targeted interface
scaffolds that enhance engagement and performance without altering core in-
structional content.

Recommendations ~ Researchers are encouraged to adopt and extend the proposed methodology to

for Researchers examine cognitive load dynamics across disciplines, platforms, and instructional
designs, and use it as a foundation for theory-driven learning analytics studies
that move beyond purely predictive models.

Impact on Society By enabling cognitively informed learning analytics at scale, this methodology
supports more effective and equitable online education, particularly in resource-
constrained contexts.

Future Research Future work should validate log-based cognitive load indicators using multi-
modal data, explore real-time adaptive learning systems responsive to inferred
cognitive load, and assess the long-term effects of cognitive load-informed in-
terventions on learner retention and achievement.

Keywords cognitive load, learner performance, learning analytics, Moodle log data, online
learning, learning management system, instructional design

INTRODUCTION

The rapid expansion of online learning has positioned Learning Management Systems (LMS) such as
Moodle at the center of instructional delivery in higher education (Rachel et al., 2018). Moodle is one
of the most widely adopted LMS platforms globally, offering tools for content delivery, assessment,
and learner tracking (Krishnan et al., 2022). As online learning scales, understanding how learners in-
teract with LMS environments and how these interactions relate to learning effectiveness has become
a central concern for educators and researchers alike (Tlili et al., 2023).

To address this need, learning analytics has increasingly relied on Moodle log data, which capture de-
tailed traces of learner behavior, including course views, quiz attempts, activity completions, and time
on task (Rotelli & Monreale, 2021). These data have been widely used to model engagement, predict
academic performance, and identify at-risk learners (Conijn et al., 2017; Rachel et al., 2018). How-
ever, most Moodle analytics remain largely descriptive or predictive, focusing on what learners do ra-
ther than why they behave in certain ways or how these behaviors reflect underlying learning processes

(Moodle, n.d.a).

A critical limitation of existing LMS analytics is their limited engagement with cognitive theory. In
particular, cognitive load theory (CLT) provides a well-established framework for explaining how in-
structional design and task complexity influence learning by imposing extraneous, intrinsic, or get-
mane cognitive load on learners (Sun et al., 2023; Sweller et al., 2011a). Excessive extraneous or in-
trinsic load can overwhelm working memory and impair learning, whereas germane load supports
schema construction and deeper understanding. Despite its relevance, CLT has rarely been systemati-
cally integrated into Moodle-based analytics, leaving a gap between observed learner behavior and
underlying cognitive mechanisms.
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As a result, high levels of observable engagement, such as frequent clicks or extended time-on-task,
are often interpreted as positive indicators, even though they may reflect disorientation or cognitive
overload rather than effective learning. While some studies have examined cognitive load in online
learning contexts, they typically rely on self-report instruments, expert judgments, or small-scale ex-
perimental settings, limiting their applicability to large-scale LMS environments (Banut &
Andronache, 2023; Yen et al., 2015). Few studies have proposed a systematic methodology that uses
Moodle log data as theoretically grounded proxies for extraneous, intrinsic, and germane cognitive
load and directly links these measures to learner performance.

This study addresses this gap by proposing and empirically testing a structured methodology that in-
tegrates cognitive load theory into Moodle learning analytics. Specifically, it introduces a nine-step
analysis framework that extends prior LMS analytics approaches by systematically mapping Moodle
log indicators such as course views, quiz interactions, activity completion, and time-on-task to extra-
neous, intrinsic, and germane cognitive load dimensions, alongside learner performance outcomes.
By embedding cognitive load constructs directly into Moodle log analysis, the proposed methodology
provides a theoretically grounded and scalable approach for interpreting learner behavior and sup-
porting data-driven instructional design. To situate this contribution, the following literature review
examines prior work in learning analytics and cognitive load theory, with particular attention to how
learner behavior has been analyzed in Moodle learning environments, the limitations of existing cog-
nitive load measurement approaches, and the conceptual foundations required to link LMS log data
to cognitive load dimensions systematically.

LITERATURE REVIEW

LEARNINGANALYTICS IN ONLINE LEARNING ENVIRONMENTS

Learning analytics has made substantial progress in leveraging LMS log data to describe and predict
learner behavior and performance in online learning environments. Foundational frameworks devel-
oped within the Learning Analytics and Knowledge (LAK) and Society for Learning Analytics Re-
search (SOLAR) communities conceptualize learning analytics as a cyclical process involving data
collection, analysis, interpretation, and action (Shum & Ferguson, 2012; Siemens & Long, 2014).
Within this cycle, learner interaction data captured by Learning Management Systems (LMSs) such as
Moodle have been widely used to study engagement, persistence, and academic performance.

Moodle, in particular, generates fine-grained system logs that record learners’ interactions with in-
structional materials, assessments, and communication tools. Prior studies have leveraged these logs
to predict outcomes such as grades, course completion, and dropout risk (Fenu et al., 2017; Krishnan
et al., 2022; Rachel et al., 2018). While these approaches have demonstrated the predictive value of
LMS data, they largely focus on behavioral frequency and outcome prediction, often treating the
learning process as a “black box” without explicit reference to underlying cognitive mechanisms.

As a result, although LMS analytics effectively capture what learners do, they provide limited insight
into how learners cognitively process instructional materials or why particular interaction patterns
lead to success or failure. This limitation has motivated growing interest in the theoretically grounded
learning analytics approaches that connect observable learner behavior with established cognitive the-
ories. Among these, cognitive load theory offers a particularly relevant framework for interpreting
learners’ cognitive processing and learning outcomes.

COGNITIVE LOAD THEORY IN ONLINE LEARNING

Cognitive load theory (CLT) explains how learning occurs under constraints of human working
memory and offers a powerful lens for interpreting learner behavior in online learning environments
(Orru & Longo, 2019). Building on foundational work by Miller and later formalized by Sweller, CLT
distinguishes three types of cognitive load that shape learning outcomes: intrinsic load, which arises
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from the inherent complexity of the learning material; extraneous load, which results from subopti-
mal instructional design or interface features; and germane load, which reflects the cognitive re-
sources devoted for schema construction and knowledge integration(Skulmowski & Xu, 2022; Sun et
al., 2023). In online learning systems such as Moodle, these load types are not directly observable but
are instead inferred from learners’ interaction patterns with instructional content and activities.

In online learning environments, pootly designed interfaces, excessive navigation, and redundant me-
dia can increase extraneous cognitive load, thereby impairing performance (Abeysekera et al., 2024;
Clark & Mayer, 2016). Conversely, instructional scaffolds that structure content, support collabora-
tion, or encourage self-explanation can help manage intrinsic load and foster germane load. Im-
portantly, these design effects are manifested in learners’ observable behaviors such as navigation fre-
quency, repeated content access, quiz engagement, and task completion, making them potentially de-
tectable through LMS log data. Although numerous experimental studies have validated these princi-
ples in controlled settings, many rely on self-report questionnaires or small-scale laboratory designs
(Sweller, 2018).

Although self-reported measures remain the most common method for measuring cognitive load,
they are intrusive, retrospective, and pootly suited for continuous use in authentic online learning en-
vironments. As a result, the practical integration of cognitive load theory into large-scale learning ana-
Iytics systems has remained limited, despite its strong explanatory value. This methodological con-
straint has prompted increasing interest in unobtrusive, behavior-based approaches that infer cogni-
tive load from learners’ interactions with learning management systems, creating a need for system-
atic frameworks that connect cognitive load theory with LMS log data.

MEASURING COGNITIVE LOAD BEYOND SELF-REPORT

Beyond self-report instruments, cognitive load has been measured using physiological indicators such
as eye tracking and electrocardiography, dual-task methods, and performance-based metrics (Minkley
et al,, 2021). While these approaches offer greater measurement precision, they are resource-intensive
and impractical for deployment in real-world LMS contexts involving large student cohorts.

Consequently, research has increasingly explored the use of LMS behavioral data as indirect, system-
level proxies for cognitive processing. Yen et al. (2015) demonstrated that learner interaction patterns
in online courses can reflect cognitive conditions and inform adaptive instructional strategies. Simi-
larly, Cunha and Figueira (2021) analyzed sequences and durations of LMS activities to infer learner
engagement and cognitive effort. Krishnan et al. (2022) further showed that log-based indicators
such as content access and assessment behavior can distinguish active from disengaged learners and
support instructional improvement.

Collectively, these studies suggest that, while indirect, LMS logs provide ecologically valid and scala-
ble indicators of learners’ interaction with instructional materials, making them suitable for cognitive
load-informed analytics when grounded in appropriate theory.

CONCEPTUAL FOUNDATIONS FOR LINKING LMS ACTIVITIES TO
COGNITIVE LOAD DIMENSIONS

A key conceptual bridge between LMS analytics and cognitive load theory is provided by models that
interpret the depth of learner interaction. The Moodle cognitive depth indicator model, derived from
the community of inquiry framework (Garrison et al., 1999; Moodle, n.d.b), conceptualizes learner
activity along increasing levels of engagement, ranging from passive content exposure to active con-
tribution and feedback integration. Higher levels of cognitive depth represent more intentional, con-
structive, and self-regulated learning behaviors.

Although originally developed to capture cognitive presence rather than cognitive load directly, this
hierarchical activity model aligns closely with CLT principles. Shallow interaction patterns may signal
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cognitive disorientation or excessive extraneous load, whereas deeper engagement and task comple-
tion behaviors are more consistent with germane cognitive processing and schema construction.
Prior Moodle analytics studies have implicitly relied on similar assumptions when interpreting en-
gagement patterns, even when cognitive load was not explicitly modeled (Alvarez-Méndez et al.,
2020; Blayney et al., 2015).

LIMITATIONS OF EXISTING MOODLE ANALYTICS METHODOLOGIES

Despite advances in Moodle-based learning analytics, several limitations persist. First, many frame-
works prioritize predictive accuracy over interpretability, offering limited theoretical explanation of
why certain behaviors predict performance (Rachel et al., 2018). Second, cognitive load is rarely
treated as a core construct, even though it is known to strongly influence learning outcomes. Third,
existing methodologies often focus on isolated analytics techniques such as prediction or clustering
without integrating them into a coherent, theory-driven workflow.

Moreover, few studies critically address the challenges of inferring cognitive states from behavioral
data, including ambiguity in interpretation and potential confounds (e.g., persistence versus effi-
ciency). As a result, a gap remains between cognitive theory, LMS analytics practice, and scalable
methodological integration.

RESEARCH GAP

Taken together, the literature reveals a clear disconnect between cognitive load theory and LMS ana-
Iytics research. While cognitive load has been shown to play a central role in learning effectiveness,
and Moodle logs capture rich traces of learner behavior, existing approaches have not systematically
integrated cognitive load constructs into Moodle analytics frameworks. Most studies either rely on
subjective measures of cognitive load or analyze LMS data without explicit cognitive grounding,.

This gap underscores the need for a structured, scalable methodology that embeds cognitive load
theory directly into Moodle log analysis, enabling researchers and practitioners to interpret learner
behavior in terms of underlying cognitive processes rather than surface-level engagement alone.

STUDY CONTRIBUTION

Building on the identified gap, this study proposes a structured nine-step methodology that integrates
cognitive load theory into Moodle learning analytics. Unlike existing frameworks that emphasize en-
gagement and performance alone (e.g., Fenu et al., 2017; Rachel et al., 2018), the proposed approach
explicitly maps Moodle log indicators to extraneous, intrinsic, and germane cognitive load alongside
learner performance metrics. This integration enables analysis not only of what learners achieve but
also of how their cognitive processing influences learning outcomes.

By embedding cognitive load constructs directly into Moodle log analysis, the proposed methodology
offers a theoretically grounded and scalable framework for analyzing learner behavior in authentic
online learning environments, thereby advancing both learning analytics research and instructional
design practice.

METHODS

RESEARCH DESIGN AND PARTICIPANTS

This study employed a controlled experimental design integrated with a theory-driven learning analyt-
ics methodology to examine how Moodle log data can be systematically operationalized to reflect
cognitive load dimensions and learner performance. Extending the prior Moodle analytics framework
proposed by Rachel et al. (2018), the study explicitly embeds cognitive load theory into LMS-based
analytics through a structured nine-step workflow that links learner behavior, cognitive processing,
and performance outcomes.
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By combining experimental manipulation with log-based analytics, the design enables empirical ex-
amination of whether theoretically targeted cognitive load interventions produce observable changes
in learner interaction patterns and performance indicators.

The study was conducted at a public university in Africa during a four-week Moodle-based course.
The target population comprised 842 undergraduate students enrolled in six computing-related pro-
grams. These programs were selected because students had prior exposure to Moodle, ensuring base-
line familiarity with online learning environments and minimizing confounding effects related to the
platform novelty.

Sample size was determined using Cochran’s formula with a 95% confidence level, 5% margin of er-
ror, and a conservative 50% response distribution (Casteel & Bridier, 2021), yielding a required mini-
mum of 385 participants. To ensure proportional representation across programs, stratified random
sampling was employed (Cohen et al., 2007). A total of 324 students consented and participated in
the study. Although slightly below the calculated threshold, this sample size exceeds minimum rec-
ommendations for controlled experimental studies and remains adequate for detecting group-level
effects and behavioral patterns (Cohen et al., 2007).

RANDOM ASSIGNMENT AND EXPERIMENTAL CONDITIONS

Participants were randomly assigned to either a treatment or a control group using Microsoft Excel’s
RAND function, ensuring equal probability of allocation and minimizing selection bias (Ahmed,
2024). Randomization was conducted after consent and before course commencement, thereby pre-
serving internal validity.

Both groups undertook the same four-week Moodle Lara Vel course, covering identical content, as-
sessments, timelines, and grading criteria. The sole difference lay in the instructional scaffolds pro-
vided at the interface level for the treatment group. This isolation of the interface as the only manip-
ulated factor strengthens causal inference by ensuring that observed differences in learner behavior,
cognitive load indicators, and performance outcomes are attributable to the cognitive load manage-
ment interventions rather than instructional or content variation.

Cognitive load management interventions

The treatment group accessed a customized Moodle interface that incorporated the BookActivity and
Bootstrap Elements plugins. These modifications were grounded in cognitive load theory and de-
signed to target the three cognitive load dimensions through interface-level scaffolding:

o Extraneous cognitive load reduction: Prompt links to worked-out exercises minimized unnecessary

search and navigation demands, consistent with the worked-out example (Sweller et al.,
2019).

o Intrinsic cognitive load management: Structured forum prompts supported collaborative problem
solving and leveraged the collective working memory effect (Orru & Longo, 2019).

o Germane cognitive load enbancement: Links to partially worked examples encouraged self-explana-
tion and schema construction, drawing on the expert reversal effect (Clark & Mayer, 2016).

The interventions were reviewed and validated by a focus group comprising instructors and instruc-
tional designers to ensure theoretical alighment and instructional feasibility. These interventions are
central to the study because they function as deliberate, theory-driven manipulations intended to in-
fluence learners’ cognitive load states, thereby enabling validation of whether Moodle log indicators
sensitively reflect changes in extraneous, intrinsic, and germane cognitive load. Table 1 summarizes

the conceptual mapping between interface modifications and targeted cognitive load dimensions.
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Table 1. Mapping of interface modifications to cognitive load dimensions

Intetface
modification

Targeted
cognitive load type

Conceptual rationale

Expected effect

Prompt links to worked-
out examples (van Mierlo
etal, 2012).

Extraneous load

Worked-example effect
(Sweller et al., 2019) mini-
mizes unnecessary cognitive
processing.

High engagement,
low extraneous
load.

Embedded forum prompts
for collaborative discus-
sion (Alvarez-Méndez et
al., 2020).

Intrinsic load

The collective working
memory effect (Orru &
Longo, 2019) enables dis-
tributed processing.

Tasks seem easy,
low intrinsic load.

Prompt links to exercises
with partial solutions
(Renkl & Atkinson, 2002).

Germane load

The expert reversal effect
(Clark & Mayer, 2016) sup-
ports schema construction.

Schema created,
highly germane
load.

Intervention provision procedure

As illustrated in Figure 1, interventions were introduced sequentially across three weeks to isolate
their effects. In week 1, extraneous cognitive load (ECL) scaffolds were deployed; in week 2, intrinsic
cognitive load (ICL) scaffolds; and in week 3, germane cognitive load (GCL) scaffolds. Moodle log
data were collected at the end of each week to capture learner interaction patterns corresponding to
the specific cognitive load dimension targeted during that phase.

The control group interacted with the standard LMS interface throughout the experimental period.
In week 4, all interventions were made available to the control group to ensure ethical equity and pre-
vent long-term instructional disadvantage.

® Learning >
week 1 week 2 week 3 week 4
As in week 1 Asinweek | &2
. . Their counteparts
ECL intervention: ICL intervention: SC/I: 1ntcyrv;n20n, reccieves the
Treatment group Link to worked-out  —¢ & 1 Link to forum ot 0| ink fo worked out L, 1, interventions for
2L . . 2 examples with partial =
examples discussion fai
= = lutions = airness
= =) solu =)
= =3 =3
=} =] =]
g £ £
- - -
<9 <9 9
2 2 2
3 3 2
< < <
Provide control group
. . . ith the th
Control group LMS without scaffolds LMS without scaffolds |+ —-{ LMS without scaffolds F‘ -y vt fhe three
Interventions so as not
L L1 | to disadvantage them

Experimental period

Figure 1. Cognitive load interventions: provisions procedure

Measurement and use of Moodle log proxies

Cognitive load was inferred using behavioral indicators extracted from Moodle system logs, including
course views, quiz attempts, quiz submissions, time-on-task, activity completions, and grades. These
indicators were selected based on prior learning analytics research demonstrating their relevance as
scalable, ecologically valid proxies for learner cognitive processing in authentic LMS contexts.

Unlike self-report instruments, which capture subjective perceptions retrospectively, log-based indi-
cators reflect actual learner behavior as it occurs during learning activities. Table 2 presents the oper-
ational mapping between Moodle indicators, cognitive load dimensions, and performance outcomes.
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Table 2. Cognitive load and performance measurement scale

Moodle
indicator

Cognitive load type
and performance

High count L

Low count ®

Course views

Extraneous load

@ High engagement

—» Low extraneous load

® [ow engagement

—» High extraneous load

Quiz attempt views

Intrinsic load

@ Tasks seem easy

—» Low intrinsic load

@ Task difficulty
—» High intrinsic load

Quiz attempt sub-
missions

Germane load

® Schema created
—» High germane load

® Limited schema

—» Low germane load

Course activity Performance @ Better performance ® Low performance
completions
Grade/30 Performance @ Better performance ® Low performance

Performance is treated as a complementary analytic construct rather than a cognitive load dimension,
enabling integrated examination of how variations in extraneous, intrinsic, and germane load mani-
fest in observable learning outcomes within Moodle.

It is acknowledged that these indicators represent indirect measures of cognitive load. However,
when grounded in theory and interpreted collectively rather than in isolation, they provide meaning-
ful system-level insights consistent with established LMS analytics practices.

To distinguish “high” and “low” levels of engagement, relative thresholds were used rather than
fixed cut-off values. Specifically, log counts above the group median were classified as high engage-
ment, while those below the median were classified as low engagement. This distribution-based ap-
proach avoids arbitrary thresholds and aligns with prior analytics research.

Limitations of Moodle log proxies

Moodle log indicators are proxy measures rather than direct measurements of cognitive load. For ex-
ample, high quiz submission frequency may reflect productive germane processing but may also indi-
cate persistence rather than efficiency. While physiological and dual-task measures offer high preci-
sion (Minkley et al., 2021), they are impractical for large-scale LMS contexts. Consistent with prior
studies such as Yen et al. (2015), this research adopts Moodle logs as pragmatic, system-level indica-
tors that enable scalable and unobtrusive analysis of cognitive processing patterns in authentic online
learning environments. Convergent evidence from theoretically targeted interventions and cotrre-
sponding log-based behavioral changes provides indirect empirical support for the validity of these
proxies.

Ethical considerations and participant protection

Ethical approval for the study was obtained from the National Commission for Science, Technology,
and Innovation (License No. NACOSTI/P/23/30310. All participants were informed about the
study objectives, procedures, and their right to withdraw at any time without specific penalty. Con-
sent was obtained electronically before participation, and all identifying information was anonymized
before analysis.

To ensure fairness, both treatment and control groups received identical content, assessments, and
grading criteria. The only difference was the presence of instructional scaffolds in the treatment inter-
face. After completion of the experimental phase, the enhanced interface was made available to all
learners.
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DATA COLLECTION OVERVIEW

At the end of the course, learner interaction data were extracted from Moodle system logs in Excel
format. The logs captured time-stamped records of learner interactions, including course views, quiz
activities, time spent on tasks, activity completion, and grades. These data constituted the raw input
for the proposed nine-step analytics methodology, which transforms system logs into theoretically
grounded cognitive load and performance indicators.

Data analysis was conducted in Python, with detailed preprocessing procedures, analytic workflows,
and code excerpts provided in the appendices to support reproducibility without overloading the
main text.

PROPOSED ANALYTICS METHODOLOGY

While the preceding sections describe the experimental context and measurement strategy, the cen-
tral contribution of this study is a nine-step analytics methodology that systematically integrates cog-
nitive load theory into Moodle learning analytics. The methodology provides a structured, reproduci-
ble workflow for transforming raw Moodle log data into theoretically grounded indicators of extrane-
ous, intrinsic, and germane cognitive load, alongside learner performance outcomes.

Rather than treating Moodle logs as purely descriptive engagement traces, the proposed approach
embeds cognitive theory directly into the analytics pipeline, extending existing frameworks such as
Rachel et al. (2018). For clarity and parsimony, the nine steps are organized into three analytic phases
(Figure 2): data preparation, theory-driven construct operationalization, and multi-level analysis.

Rachel et al.(2018) Approach Proposed Methodology
1. Data Loading > Load moodie data logs onto python «——{1. Data Loading ‘
‘ 2. Data Preprocessing }—»Extract relevant information for analysis % 2. Data Preprocessing ‘ Phase 1

. > Format data to handle missi g values < >{ 3 D. Ti i
3. Data Transformatio ’ . ata Transformatio
‘ r r ! anony ization, and SCa"ng ‘

‘ 4. Mapping Learner Events to Cognitive Load & Performance ‘ Phase 2

Graphical exploration of data to visualize learner
H cognitive load and performance. query and extract ‘ﬁ 5
required data and present it with bar charts :

‘4. Data Exploration

Data Exploration ‘

5. Statistical Analysis  [—» Obtain the statistical properties of the datasets «——— 6. Statistical Analysis of Data |

. - Understand and compare the underlying behavioral . .
‘ 6. Clustering Analysis P’pattems of learners with similar cognitive load and ﬁ 7. Clustering Analysis of Data ‘ Phase 3
performance characteristics. Apply kmeans to analyze

S Classify learners based on cognitive load levels (High, ——* :
|7. Classification Analysis |->Medium, Low), and performance (excellent, good, and+~|_8 Classification Analysis of Data |
fail)

‘ 8. Association Rule Mining P»Uncocover patterns and associations about learners. 4{ 9.Association Rule Mining of Data ‘
Apply appriori algorithm to obtain association rules on
the labeled data

Figure 2. The proposed nine-step Moodle analytics methodology

Phase 1: Data preparation and structuring (Steps 1-3)

The first phase focuses on converting raw Moodle system logs into analyzable learner-level datasets.

Step 1: Data loading. Moodle logs capturing time-stamped learner interactions were extracted from
the LMS and imported into the Python analytics environment.
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Step 2: Data preprocessing. Records unrelated to learner activity (e.g., administrative and system
events) were removed, duplicates eliminated, and time stamps standardized. Learner events were ag-
gregated into structured indicators, including course views, quiz stamps, quiz submissions, time-on-
task, activity completion, and grades.

Step 3: Data transformation. Missing values were addressed using mean substitution, with sensitiv-
ity checks using median replacement, confirming that alternative imputation strategies produced
comparable results. Variables were transformed into consistent learner-level representations suitable
for downstream analysis.

Detailed data loading, preprocessing, and transformation procedures, data schemas, and code imple-
mentations corresponding to steps 1-3 are provided in Appendices A-C to support reproducibility
while maintaining methodological clarity in the main text.

Phase 2: Theory-driven mapping of Moodle logs to cognitive load constructs (Step 4)

The second phase constitutes the theoretical core of the methodology.

Step 4: Mapping learner events to cognitive load and performance constructs. Learner interac-
tion indicators were mapped to cognitive load constructs based on cognitive load theory and prior
learning analytics research. As summarized in Appendix D, course and module views were operation-
alized as indicators of extraneous cognitive load, quiz attempt behaviors as indicators of intrinsic cog-
nitive load, and quiz submissions and time-on-task as indicators of germane cognitive load. Learner
performance was measured using course activity completion and quiz grades.

This mapping is theoretically justified in three ways. First, it aligns with CLT’s distinction between
surface navigation, task engagement, and schema construction. Second, it is consistent with depth-of-
engagement models used in Moodle analytics, where shallow interaction patterns reflect passive or
disoriented engagement, and deeper task completion reflects constructive processing. Third, similar
indicators have been validated in prior LMS-based studies as meaningful proxies for cognitive effort
and learning processes (e.g., Blayney et al., 2015; Krishnan et al., 2022)

Although Moodle logs do not directly measure cognitive load, their use as proxy indicators offers a
scalable, ecologically valid approach to studying cognitive processes in authentic online learning envi-
ronments. This limitation is acknowledged; however, grounding the mappings in theory and applying
them consistently across analyses strengthens their construct validity. Operational thresholds used to
distinguish relatively “high” versus “low” interaction frequencies were derived empirically from the
distributional properties of the log data and are reported in Appendix D to ensure transparency and
reproducibility.

Learner performance is treated as an analytically distinct outcome construct rather than a cognitive
load category, enabling examination of how theoretically grounded cognitive load indicators relate to
observable learning outcomes.

Phase 3: Multi-level analysis and pattern discovery (Steps 5-9)

The third phase applies complementary analytical techniques to examine relationships between cog-
nitive load and learner performance, with particular attention to differences between intervention
(treatment) and non-intervention (control) conditions.

Step 5: Exploratory data analysis. Descriptive statistics and visualizations were used to summarize
engagement patterns, cognitive load distributions, and initial differences between treatment and con-
trol groups.

Step 6: Statistical analysis. Inferential statistics tests were conducted to examine associations be-
tween cognitive load indicators and learner performance outcomes and to assess group-level differ-
ences.

10
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Beyond traditional statistics, machine learning techniques were incorporated to uncover latent pat-
terns and predictive relationships.

Step 7: Clustering analysis. Unsupervised clustering methods were applied to identify distinct
learner profiles based on cognitive load and performance indicators.

Step 8: Classification analysis. Supervised classification models were developed to evaluate the ex-
tent to which cognitive load indicators predicted learner performance outcomes.

Step 9: Association rule mining. Association rule mining was used to identify frequent behavioral
patterns characterizing treatment and control groups and their associated cognitive conditions.

Together, Steps 5-9 enable triangulation across descriptive, inferential, and predictive perspectives,
strengthening the robustness and interpretability of findings. Detailed algorithm configurations, pa-
rameter settings, and evaluation procedures for these steps are documented in Appendices E-I.

RESULTS

Applying the proposed nine-step analytics methodology, results are presented to address the research
questions concerning (i) differences in engagement and performance between treatment and control
groups, and (ii) behavioral patterns associated with cognitive load-informed interface interventions.
To improve clarity and conciseness, only primary findings are reported in the main text, with sup-
porting analyses and secondary visuals in the appendices.

ENGAGEMENT AND PERFORMANCE DIFFERENCES

Learner engagement was examined using Moodle log indicators, including module views,
course/module views, quiz attempts, quiz submissions, activity completion, and grades. As summa-
rized in Table 5, the treatment group consistently demonstrated higher engagement and performance
than the control group.

Table 5. Summary of engagement indicators (Cohen’s d with 95% Cls)

Indicator Cohen’s d 95% CI lower 95% CI upper
Course module viewed 0.65 0.45 0.84
Course viewed 0.41 0.21 0.60
Quiz attempt started 0.29 0.09 0.48
Quiz attempt viewed 0.22 0.03 0.42
Quiz attempt submitted 0.18 -0.02 0.37
Course activity completion 0.77 0.57 0.97
Grade/30 0.38 0.18 0.57

A Mann-Whitney U test indicated a statistically significant overall difference between groups (U =
24,145.0, p = 0.009). Effect sizes ranged from small to large, with the strongest differences observed
for course module views (d = 0.65, 95% CI [0.45,0.84]) and course completion (d = 0.77,95% CI
[0.57,0.97]). Quiz grades also showed a moderate effect (d = 0.38, 95% CI [0.18,0.57]). Figure 3 pre-
sents the mean group differences for the core indicators. Detailed descriptive statistics, correlation
matrices, and distribution plots are provided in Appendix E.
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COGNITIVE LOAD-RELATED INDICATORS

Using the operational definitions in Table 2, engagement indicators were examined as proxies for
cognitive load dimensions. Indicators associated with extraneous load (course and module views) and
intrinsic load (quiz attempts started and viewed) were significantly higher in the treatment group. In-
dicators associated with germane (quiz submissions) showed smaller but consistent differences.

These indicators differed systematically between groups across all three cognitive load categories. No
single indicator was interpreted in isolation; instead, patterns across indicators were considered col-
lectively, consistent with the proposed methodology.

BEHAVIORAL PATTERNS: CLUSTERING ANALYSIS

Unsupervised k-means clustering was applied to identify learner behavioral profiles based on
engagement, cognitive load indicators, and performance measures. The treatment group exhibited
more clearly separated clusters than the control group, as reflected by higher silhouette scores (see
Appendix G).

4.0
- -
4 3.5
-
3.0
3 -
]
= 2.5
a
=
(1% — —
g - 20 &
= =
= (]
] - = -« o
el
= 4 - - 1.5
1
S e .o °* %=
e 2% "2 o ‘s -
i - t - 1.0
- -
o ﬁ.‘ Pe
- -
s® 0.5
-
-1 T T T T T 0.0
o 1 2 3 a4

Time Spent on Quiz Activity
Figure 4. Treatment group clusters

12



Ogwoka, Oboko, & Chepken

Representative cluster visualizations for treatment and control groups are shown in Figures 4 and 5,
respectively. The clustering results indicate greater behavioral differentiation among treatment learn-
ers compared to more homogeneous patterns in the control group.
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CLASSIFICATION ANALYSIS

Supervised classification models were developed to predict learner categories (absent, low, medium,
high). Decision tree (DT), Random forest (RF), and Logistic regression (LR) models were evaluated
using stratified 10-fold cross-validation.

As shown in Table 6, DT and RF models achieved high accuracy for the treatment group. Instances
of 100% accuracy were observed in specific folds for tree-based models; however, these results were
interpreted cautiously. Cross-validated ROC/AUC scores and out-of-sample validation confirmed

that the model performance remained stable without evidence of systematic overfitting (full metrics

reported in Appendix H).

Logistic regression produced lower but more conservative accuracy values, serving as a robustness
benchmark. Together, these results indicate that cognitive load-related indicators have predictive util-
ity, while acknowledging the limitations of perfect classification outcomes.

Table 6. Classification models’ performance measutres

Treatment group Control group
Classifier | Accuracy | Precision | Recall | F-1score | Accuracy | Precision | Recall sf(;ll'e
DT 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
RF 1.0 1.0 1.0 1.0 0.93 0.67 1.0 0.89
LR 0.87 0.96 0.93 0.9333 0.95 0.97 1.06 1.06

ASSOCIATION RULE MINING

Association rule mining was conducted to identify frequent behavioral patterns linked to activity
completion. To reduce redundancy, only the strictest and most interpretable rules are presented in
Table 7, with the full rule set reported in Appendix I.

The results show that a lack of course or module views strongly correlated with activity non-comple-
tion, while quiz submission was consistently associated with activity completion (confidence = 1.0,
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lift > 1.4). These rules highlight stable co-occurrence patterns between engagement behaviors and

learning outcomes in the treatment group.

Table 7. Association rules between learner
engagement behaviors and activity completion (treatment group)

Rule Antecedent Consequent | Support | Confidence Lift
1 C_ourse_ Activity not 0.60 1.00 167
viewed=0 completed
5 C_ourse_module Activity not 0.60 1.00 167
viewed=0 completed
3 Quiz attempt | Activity 0.60 1.00 1.43
viewed = 1 completed
Quiz attempt Activity
4 submitted=1 completed 0.60 1.00 143
5 Quiz at_tempt Activity not 0.60 1.00 1.43
started=0 completed

SUMMARY OF KEY FINDINGS

In summary, treatment learners demonstrated (i) higher engagement and performance, (if) more dif-
ferentiated behavioral patterns, and (iii) stronger predictive relationships between Moodle log indica-
tors and learning outcomes than control learners. These findings directly address the research ques-
tions and provide empirical support for the proposed analytics methodology. Interpretive and theo-
retical implications are developed further in the discussion section.

DISCUSSION

This study demonstrates how cognitive load theory (CLT) can be operationalized within online
learning environments through a theory-driven analytics methodology that maps Moodle log data to
extraneous, intrinsic, and germane cognitive load constructs. Rather than treating learner interactions
as purely descriptive engagement traces, the findings show that structured patterns of LMS behavior
can be meaningfully interpreted as reflections of underlying cognitive processes when grounded in
CLT.

INTERPRETING COGNITIVE LOAD THROUGH BEHAVIORAL PATTERNS

Differences between treatment and control groups indicate that interface-level scaffolding influenced
not only the amount of learner interaction but also the organization of engagement behaviors. Higher
course and module views, increased quiz attempts, and greater submission rates collectively suggest a
shift from fragmented or disoriented navigation toward more purposeful task engagement. Im-
portantly, these indicators were not interpreted as configurations of behavior, but rather as isolated
metrics, acknowledging the indirect nature of log-based cognitive load proxies.

At the same time, alternative interpretations remain plausible. High interaction frequency may reflect
persistence, repetition, or exploration rather than reduced extraneous load or optimized intrinsic
load. By triangulating across navigation, task engagement, and completion indicators, the methodol-
ogy reduces but does not eliminate this ambiguity. This reinforces the value of multi-indicator infer-
ence over single-metric conclusions when studying cognitive processes through LMS logs.

INSIGHTS FROM MACHINE LEARNING ANALYSES

The machine-learning analyses extend the statistical findings by revealing latent behavioral structures
associated with the interventions. The emergence of more differentiated clusters within the treatment
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group suggests that cognitive-load-informed interfaces may enable learners to adopt diverse yet pro-
ductive engagement strategies, rather than converging on uniformly low-effort or disengaged behav-
iors. In contrast, the relatively homogeneous clusters observed in the control group may reflect con-
strained interaction pathways imposed by the standard interface.

The high predictive accuracy of tree-based classifiers indicates strong associations between cognitive
load-related indicators and learner performance outcomes. However, near-perfect classification accu-
racy must be interpreted cautiously. Rather than implying universal generalizability, these results likely
reflect well-separated behavioral patterns induced by structured interface scaffolds. By incorporating
cross-validation and more conservative baseline models, the study positions machine learning not as
a replacement for theory, but as a diagnostic complement that helps surface interpretable behavioral
regularities.

Association rule mining further supports this interpretation by identifying stable co-occurrence pat-
terns between engagement behaviors and task completion. These rules do not imply causality but
provide actionable signals that can inform instructional monitoring and early-warning systems.

ADVANCING THE RESEARCH GAP

This study responds directly to a persistent gap in learning analytics research: the disconnect between
cognitive load theory and scalable LMS-based analytics. Existing frameworks often emphasize pre-
dictive accuracy without theoretical interpretability or rely on cognitive theory without feasible meas-
urement on a scale. The proposed nine-step methodology bridges this divide by embedding CLT
constructs directly into the analytics pipeline, linking raw LMS events to cognitive load dimensions
and learning outcomes in a reproducible manner.

The contribution is therefore methodological rather than merely confirmatory. By demonstrating
how Moodle log data can support theory-informed inference when systematically operationalized, the
study advances learning analytics from descriptive monitoring toward explanatory and cognitively
grounded analysis.

PRACTICAL IMPLICATIONS FOR DESIGN AND POLICY

The findings suggest that modest, theory-driven interface adjustments, such as structured navigation,
guided examples, and collaborative prompts, can yield measurable cognitive and performance bene-
fits without requiring wholesale system redesign. For educators and instructional designers, the study
provides concrete mappings between interface features and cognitive load dimensions, supporting
more intentional pedagogical alighment. For LMS developers and institutional leaders, the methodol-
ogy illustrates how existing log data can be repurposed into cognitively meaningful indicators that
support scalable monitoring and adaptive intervention, particularly in resource-constrained contexts.

LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

Several limitations warrant consideration. The study was conducted within a single institution and
disciplinary context, which may limit generalizability. Cognitive load was inferred through behavioral
proxies rather than measured directly, and the experimental duration was relatively short. Future re-
search should integrate physiological or self-reported measures for triangulation, extend the method-
ology across institutions and disciplines, and explore real-time adaptive systems that respond dynami-
cally to inferred cognitive load states.

Longitudinal studies may also clarify whether the observed benefits translate into sustained learning
gains and schema development over time.

CONCLUSION

This study proposed and validated a nine-step analytics methodology that systematically integrates
cognitive load theory into Moodle-based learning analytics. Unlike existing LMS analytics
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frameworks that primarily describe engagement patterns, the proposed approach embeds extraneous,
intrinsic, and germane cognitive load constructs directly into the analytics pipeline using theory-
grounded Moodle log proxies. In doing so, it extends prior frameworks from descriptive monitoring
toward explanatory and diagnostic analytics that connect learner behavior, cognitive processing, and
performance.

Empirically, the findings demonstrate that cognitive load-informed scaffolds are associated with
meaningful differences in learner engagement, behavioral patterns, and performance outcomes in
authentic online learning environments. Methodologically, integrating statistical analysis, machine
learning, clustering, and association rule mining into a single coherent workflow provides a robust,
reproducible foundation for cognitively grounded learning analytics.

Opverall, this study advances learning analytics by demonstrating how cognitive load theory can be
operationalized at scale using unobstrusive LMS data, offering a transferable framework for the
design of cognitively informed and adaptive online learning environments.
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APPENDICES

APPENDIX A: MOODLE LOG EXTRACTION AND DATA LOADING
PROCEDURES (STEP 1)

This appendix details the procedures used to extract raw data learner interaction data from the Moo-
dle Learning Management System and load them into the analytics environment (Figure A1). Table
A1l presents the Moodle log header fields used in this study, while Table A2 summarizes the records
contained in the downloaded Excel files. Code excerpt Al provides a representative Python snippet
illustrating how the Excel data were loaded into the Pandas analysis environment.

Laravel PHP Framework (TG)

Dashbaard Courses TRAINING ODELI002 Course administration

Course administration

Course administration ~ Users  Reporis

Reports Competency breakdown
- Insights

Logs

Laravel PHP Framework (TG)

Dashboard Courses TRAINING ODELI002 Reports Logs

Logs

Choose which logs you want to see:
Laravel PHP Framework (TG) ¢ All participants * All days e All octivities

Allactions & | Allsources & | All events ¢ (@ Gettheselogs

Figure Al. Procedure for downloading Excel file from Moodle LMS

Table Al. Moodle log file header fields

Header name Description
Time Timestamp of the log record
User full name User’s full name
Affected user Affected uset’s full name
Event context Context of the event
Component Component producing the log record.
Event name Name of the event
Description Event description
Origin Origin of the log record (client/ web server)
IP address The IP address of the device through which the user logged in
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Table A2. Summary of the records contained in the downloaded Moodle Excel file

Time [User full name|Affected user Event context Component Event name Description Origin IP address
/23, 01:20|OENGA PETE]- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '2928' vigweb 197.232.55.242

. 09-40|NGEI LARRY |- URL: Session 3 Web Conference URL Course module viey| The user with id '3604' vigweb 197.232.26.117

. 09-40|NGEI LARRY |- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '3604' vigweb 197.232.26.117

. 0940|NGEI LARRY |- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '3604' viqweb 197.232.26.117
/23, 08:33|NGEI LARRY |- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '3604' vigweb 197.232.26.117

. 0835|REAGAN ATH- URL:LESSON 2 RECORDED WEB CONFIURL Course module viey The user with id '938' vieyweb 41.90.217.241

_ 0835|REAGAN ATH- File: Session 2: Routes. Contraollers and Views |File Course module viev The user with id '938' viewweb 4190217 241

. 0834 REAGAN ATH- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '938' vieqweb 41.90.217.241

. 0834/ AMIANI PAUIL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '940' vieqweb 197.181.114.170
_ 0834/ AMIANI PAUT - File: Session 4-Class Notes File Course module viev The user with id '940' viewweb 197.181.114.170
. 0834 AMIANI PAUL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '940' vieqweb 197.181.114.170
. 0834 AMIANI PAUL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '940' vieqweb 197.181.114.170
. 0834 REAGAN ATH- File: Lesson 1 File Course module viev The user with id '938' viewweb 4190217 241

., 0834/ AMIANI PAUL - File: Session 3 File Course module viev The user with id '940' viewweb 197.181.114.170
. 0834 AMIANI PAUL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '940' viewweb 197.181.114.170
. 0834 REAGAN ATH- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '938' vieweb 41.90.217.241

. 0834 AMIANI PAUL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '940' viewweb 197.181.114.170
. 08:34{AMIANI PAUL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id ‘940" viewweb 197.181.114.170
. 08:34{AMIANI PAUTL- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '940" viewweb 197.181.114.170
. 08:34|REAGAN ATH- Course: Advanced Web Programming Group 1 |System Course viewed The user with id '938' vieweb 41.90.217.241
08:33|CURNELIOUS - Course: Advanced Web Programming Group 1 |System Course viewed The user with id '2293" vidweb 154.159.254:68

Code excerpt Al. Python snippet for loading Excel files into Pandas

import pandas as pd
import numpy as np # Import NumPy

# Load your treatment group daota into a DataFrame
treatment_data = pd.read_csv( ' Treatment-Ims-logs.csv')

APPENDIX B: DATA PREPROCESSING AND CLEANING PROCEDURES (STEP

2

This appendix documents the data preprocessing procedures applied to the raw Moodle logs to en-
sure data quality and analytical suitability. Table B1 summarizes the learner attributes extracted for
subsequent analysis, while Code excerpt B1 shows code for restructuring the datasets using pivot_ta-
ble(). Code excerpt B2 illustrates the Python routines used for duplicate removal and patsing
timestamps. Table B2 reports a sample of a pre-processed dataset.

Table B1. Learner-level attributes derived from Moodle logs for further analysis

Attribute name Description
User full name Student name
Logins Total number of logins (visits) by the student
Course module viewed Total number of course module views by the student
Course viewed Total number of course views by the student
Quiz attempt started Total number of quiz attempts started by the student
Quiz attempt viewed Total number of quiz attempts viewed by the student
Quiz attempt submitted Total number of quiz attempts submitted by the student
Time spent on the quiz Total time taken to complete the quiz by the student
Course activity completion Total number of course activities completed by the student
Quiz grade/30 Total number of Quiz scores by the student
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Code excerpt B1. Python code snippet using pivot_table() for restructuring the
dataset.

# Group the data by "User full name" and "Event name" to count each event
event_counts = preprocessed data.groupby([ 'User full name', 'Event name'])['Time Stamp'].count().reset_index()

# Pivot the event counts to create g wide format table
event_counts_pivot = event counts.pivot(index="User full name', columns='Event name', values='Time Stamp')

# Pivot the event counts to create g wide format table
event_counts_pivot = event_counts.pivot(index="User full name’, columns='Event name', values='Time Stamp')

Code excerpt B2. Code snippet for removing duplicates and parsing timestamps

# Step 1: Data Filtering
# Remove duplicates
treatment_data = treatment_data.drop_duplicates()

# Remove Llogs with no usernames
treatment_data = treatment_data.dropna(subset=["User full name'])

# Remove admin user full names
admin_usernames = ['Tum Administrator®, 'Dr. Kennedy Hadulleo®, "Musyimi Samuel’]
treatment_data = treatment_data[~treatment_data[ "User full name'].isin{admin_usernames) ]

# Remove client-generated and system component Llogs
#treatment_data = treatment_dataf~treatment_datal "Component ' J.isin([ 'client’, 'system ])]

# Step 2: Creating the Time Stamp field

# Assuming your timestamp field is named "Time'’
treatment_data[ "Time Stamp’'] = pd.to_datetime(treatment_data[ "Time'])

Table B2. Showing part of the pre-processed dataset

Student Id Course module Course Quiz attempt | Quiz attempt |Quiz attempt Grand Performance: Average Time
- viewed viewed started submitted viewed Total Spent in each Activity
stdl 12 1 1 1 1 16 0.003109815
std2 1 3 1 1 1 7 0.001360544
std3 13 48 1 1 1 64 0.012439261
std4 2 6 1 1 1 11 0.002137998
std5 8 14 1 1 1 25 0.004859086
std6 14 39 1 1 1 56 0.010884354
std? 7 223 1 1 1 233 0.045286686
std8 1 1 1 1 1 5 0.000971817
std9 32 98 1 1 1 133 0.02585034
| std10 2 23 1 1 1 28 0.005442177
std11 13 21 1 1 1 37 0.007151448
std13 17 34 1 1 1 54 0.010495627
std14 1 1 1 1 5 0.000971817
std15 1 23 1 1 1 27 0.005247813
stdle 5 6 1 1 1 14 0.002721088
std17 12 1 1 1 1 16 0.003109815
std18 25 34 1 1 11 72 0.013954169
std19 12 9 1 1 1 24 0.004664723
std20 4 5 1 1 1 12 0.002332362

APPENDIX C: DATA TRANSFORMATION AND FEATURE ENGINEERING
(STEP 3)

This appendix describes the data transformation procedures used to derive analytically meaningful
variables from Moodle log fields. Code Excerpt C1 demonstrates the feature engineering operations

(imputation and normalization procedures) implemented to prepare variables for cognitive load map-
ping and statistical analysis.
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Code excerpt C1. Missing value imputation and normalization
import pandas as pd

# Load your preprocessed dota into o DotaFrame
preprocessed_data = pd.read_csv('preprocessed_Treatment-1lms-logs.cswv')

# Assuming "Time Stamp™ is already in dotetime fFormot, if not, conwvert it fFirst
# preprocessed_datal 'Time Stamp”] = pd.to datetime(preprocessed datal "Time Stamp"j)

# Group the data by “User jFull mome” and cownt the number of Logins
login_counts = preprocessed data.groupby("uUser full name')['Time Stamp'].coumt().reset_index()

# Rename the "Time Stamp”™ column to "Logins™
login_counts = login_counts.renamefcolumns={'Time Stamp': 'Logins'})

# Group the data by “User jFull mame”™ and "Ewvent name" to count each event
event_counts = preprocessed data.groupby(["User full name', "Event name'])}["'Time stamp®].count().reset_index()

# Pivot the event counts to create a wide format table
event_counts_pivot = event_counts.pivet{index='user full name®', columns='Event name', walues="Time Stamp"}

# Fill mnon values with the mean For each column
event_counts_pivot = event_counts_pivet.apply(lambda col: col.fillna(col.mean{))}, axis=a8)

APPENDIX D: MAPPINGMOODLE LOGEVENTS TO COGNITIVE LOAD AND
PERFORMANCE CONSTRUCTS (STEP 4)

This appendix provides the detailed mapping framework used to associate Moodle log indicators
with extraneous, intrinsic, and germane cognitive load dimensions, as well as learner performance.
Table D1 presents the full mapping matrix linking log events to cognitive load constructs, while Ta-
ble D2 summarizes the theoretical justification for each mapping based on cognitive load theory and
prior literature. Table D3 presents the operational thresholds for classifying interaction frequency
levels. Code Excerpt D1 presents the function for mapping Moodle learner attributes to cognitive
load dimensions.

Table D1. Mapping moodle learner attributes
to cognitive load and performance constructs

Cognitive load/

Moodle learner attribute
petformance construct

Course module viewed
Extraneous Load

Course viewed

Quiz attempt started

- - Intrinsic Load
Quiz attempt viewed

Quiz attempt submitted

- - Germane Load
Time spent on the quiz

Course activity completion

Performance

Quiz grades

Table D2. Theoretical justification for each mapping
based on cognitive load theory and prior literature

N.[OO.d le log Cog.nitive. load Theoretical justification Key.supp orting
indicator dimension literature
Extraneous Repeated course-level navigation re-  |Skulmowski and
Cognitive load  |flects interface-related effort rather [ Xu (2022);
Course viewed than learning activity and may indicate |Sun et al.(2023);
disorientation or inefficient structure (Blayney et al. (2015)
that increases extraneous processing.
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Quiz attempt

cognitive load

with the task complexity inherent in

N.[OO.d le log Cog.nltlve. load Theoretical justification Key.supp orung
indicator dimension literature
Frequent module navigation suggests  [Skulmowski and
fragmented content access and inter-  |[Xu (2022);
Course module . Iy
. face demands that impose cognitive  [Sun et al.(2023)
viewed
effort unrelated to schema construc-
tion.
Intrinsic Initiating quizzes reflects engagement |Sweller (2018);

Orru and Longo

Quiz attempt
viewed

cognitive load

mission indicates cognitive appraisal of
task requirements and problem struc-
ture linked to intrinsic load.

started the learning material and learners’ at-  |(2019b)
tempt to process intrinsic demands.
Intrinsic Viewing quiz attempts without sub-  |Abeyseckera et al.

(2024); Yen et al. (2015)

Quiz attempt
submitted

Germane
cognitive load

Submitting quizzes reflects active ap-
plication of knowledge and schema
construction, characteristic of germane
cognitive processing.

Sweller et al. (2011b);
Skulmowski and Xu
(2022)

Course activity

Learning out-
come

Completing learning activities signals
sustained cognitive engagement and

Garrison et al. (1999);
Alvarez-Méndez et

germane load)

vestment.

completion (associated with  |successful integration of instructional |al.(2020); Al-Kindi et al.
germane load) content. (2022)
Learning out- Performance outcomes indirectly vali- [Sun et al.(2023);
Grade/quiz come date effective germane processing re- |Krishnan et al. (2022);
score (associated with  [sulting from meaningful cognitive in- |Al-Kindi et al. (2022)

Table D3. Operational thresholds for classifying interaction frequency levels

Moodle log Low interaction | High interaction Threshold
indicator threshold threshold deviation method
. . . Lower and upper quartiles of
Course viewed <1 view = 3 views pperq
observed d
. . . Interquartile range-based cut-
Course module viewed < 2 views = 5 views off 4 8
. Binary task engagement
Quiz attempt started 0 attempts 2 1 attempt Ny 528
criterion
. . . . Median split of interaction
Quiz attempt viewed <1 view 2 2 views P

frequency

Quiz attempt submitted

0 submissions

= 1 submission

Task completion indicator

Course activity

< 50% activities

> 80% activities

Percent completion

competition completed thresholds
. Institutional grading
< 0 > 0
Grade/quiz score = 50% = 70% benchmark
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Code excerpt D1. Mapping of moodle learner attributes to cognitive load

#lognitive Lood to Lms indicator mapping
import pandas as pd
from IPython.display import display

# Function to map Moodle LMS indicators to Cognitive Loods

def map_labels{indicator}:
extraneous_load = ["Course module viewed', 'Course viewed']
intrinsic_load = ['Quiz attempt started®', 'Quiz attempt viewed']
germane_load = ['Quiz attempt submitted®', 'Time Spent om Quiz Activity']
performance = ['Course activity completion', "aGrade/3a']

if indicator in extraneous_load:
return 'Extranecus Load'

elif indicator im intrinsic_load:
return 'Intrinsic Load®

elif indicator im germane_load:
return 'Germane Load'

elif indicator im performance:
return 'Performance’

else:
return 'Other'

# Read and format dota from Excel file
def read_and_format_data(file_name):
try:
df = pd.read_excel(file_name}
if df.empty:
print{"Warning: DataFrame is empty.")
return None
indicator_counts = df.drop{columns=["'Student']}.sum{}.reset_index{}
indicator_counts.columns = ["Moodle LMS indicator', "Count']
indicator_counts['Label®] = indicator_counts['Mocdle LMS indicator®].apply(map_labels)
return indicator_counts
except Exception as e:
print{f"Error occurred while processing file: {str({e)}}")
return None

# Read and format dota for treatment group
treatment_file_name = ‘wk4-tg-indicators-rules.xlsx’
treatment_data = read_and_format_data(treatment_file_name}

# Print formatted dota for treatment group

if treatment_data is not None:
primt{"Treatment Group:")
display{treatment_data)

APPENDIX E: EXPLORATORY DATA ANALYSIS OUTPUTS (STEPS 5)

This appendix presents the supplementary exploratory analysis outputs used to examine distributions,
trends, and relationships among cognitive load indicators and performance measures. Figure E1 de-
tails the correctional matrices among the variables, Figure E2 reports group-level comparisons used
to inform subsequent inferential analyses, while Tables E1 and E2 present group-level summary de-
scriptive statistics.
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Figure E1. Correlation matrices with coefficients among all variables
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Figure E2. Group-level learner engagement comparisons
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Table E1. Descriptive statistics for the control group
Course module viewed Course viewed Quiz attempt started Quiz attempt viewed Quiz attempt submitted Course activity completion Grade/30

count 183.000000 183.000000 183.000000 183.000000 183.000000 183.000000 183.000000
mean 4371585 10.836066 0377049 4322404 0.355191 4218579 7666667
std 2.958256 11.538536 0.485977 5240364 0.479884 1571128 10.894264
min 1.000000 1.000000 0.000000 0.000000 0.000000 2.000000 0.000000
25% 3.000000 3.000000 0.000000 0.000000 0.000000 3.000000 0.000000
50% 3.000000 7.000000 0.000000 1.000000 0.000000 4.000000 0.000000
75% 6.000000 14.000000 1.000000 10.000000 1.000000 6.000000  21.000000
max 17.000000 62.000000 1.000000 22000000 1.000000 8.000000  27.000000

Table E2. Descriptive statistics for the treatment group
Course module viewed Course viewed Quiz attempt started Quiz attempt viewed Quiz attempt submitted Course activity completion Grade/30

count 162.000000 162.000000 162.000000 162.000000 162.000000 162.000000 162.000000
mean 8.086420 12.993827 0.364198 4.950617 0.358025 5.685185 7.537037
std 9.454149 14.303063 0.482697 6.372303 0.430906 4815183  10.530723
min 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000
25% 1.000000 3.000000 0.000000 0.000000 0.000000 1.000000 0.000000
50% 4.000000 £.000000 0.000000 0.000000 0.000000 4.500000 0.000000
5% 12.000000 18.750000 1.000000 10.000000 1.000000 10.000000  21.000000
max 43.000000 114.000000 1.000000 43.000000 1.000000 19.000000  27.000000

APPENDIX F: STATISTICAL ANALYSIS PROCEDURES AND SUPPLEMENTARY
RESULTS (STEP 6)

This appendix details the statistical analysis procedures applied to test relationships between cogni-
tive load dimensions and learner performance. Code Excerpt F1 provides representative Python code
used to implement the non-parametric and regression-based analyses.

Code excerpt F1. Python code used to implement the non-parametric and regression
analyses

#Inference Staotistics

#Step 1: Perjform Non-Parametric Tests

import pandas as pd

import numpy as np

from scipy.stats import mannwhitneyu

import seabornm as sns

import matpleotlib.pyplot as plt

# Assuming df combined is your dotaframe with 'group', ‘week’, and cognitive Lloadsperformance indicators

variables = ['Course module wiewed', "Course wiewed', "Quiz attempt started®,
‘'Quiz attempt wiewed®', "Quizr attempt submitted®’,
'Course activity completion', "Grades3a']

# Function to perform Mann-ihitney U Test

def mann_whitney_test{wvar):
treatment_data = df_combined[df_combined['group'] == 'Treatment®J[wvar]
control_data = df combined[df combimed["group"] == "Control'][war]
stat, p = mannwhitneyu(treatment_data, comtrol_data, alternative="two-sided")

return stat, p

# Perform tests
test_results = [
for war im variables:

stat, p = mann_whitney_test{wvar)

test results.append({"variable': wvar, "U-Statistic": stat, 'p-valus': p})

and collect results

# Conwvert results to pagtarFrame
test_results_df = pd.pataFrame(test_results})
print{test_results_df)

APPENDIX G: CLUSTERING ANALYSIS PROCEDURES (STEP 7)

This appendix documents the clustering analysis procedures used to identify learner behavior profiles
based on cognitive load indicators. Code Excerpt G1 illustrates the clustering workflow implemented
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using Python-based machine learning libraries, while Figure G1 presents the silhouette score distribu-
tions.

Code Excerpt G1. K-means clustering and silhouette evaluation

#Foclustring process

import pandas as pd

from sklearn.preprocessing import Standardscaler
from sklearn.cluster import KMeans

from sklearn.metrics import silhoustte_score
import matplotlib.pyplot as plt

# Dictionary containing File naomes jfor each week for the treatment group

treatment_file mames = {
"Week 1": 'wkl-tg-indicators.xlsx",
"Week 2": 'wk2-tgp-indicators.xlsx",
"Week 3": 'wk3I-tg-indicators.xlsx",
"Week 4": 'wka-tg-indicators.xlsx"
¥

# Dictionary comtoining File nomes for each week fFor the control group
control_+ile names = {

"week 1": 'wkil-cg-indicators.xlsx",
"Week 2": 'wk2-cg-indicators.xlsx",
"Week 2": 'wkz-cgp-indicators.xlsx",
"week 4": "wka-cg-indicators.xlsx"

¥

# Function to calculote silhouette scores for a given daotaset and range of clusters
def calculate_silhowette_scores(data, cluster_range):
silhouwette_scores = []
Ffor n_clusters in cluster_range:
kmeans = KMeans{n_clusters=n_clusters, random_state=22}%
cluster_labels = kmeans.fit_predict{data)
silhouektte _avg = silhouwette_score{data, cluster_labels})
silhouette_scores.append(silhouette_awvg)
return silhouette scores

# Perform K-means clusterimg For difFferent numbers of clusters

treatment_silhouette_scores_week = []

for n_clusters inm rangefz, 11):
kmeans = KMeans{n_clusters=n_clusters, random_state=22)}
cluster_labels = kmeans.fit_predict({treatment_scaled)
silhouette_awvg = silhowette_score{treatment_scaled, cluster_labels})
treatment_silhouette_scores_week.append{ silhouette_awve)

treatment_silhoustte_scores.append( {week, treatment_silhouette_scores_wesk) )

Treatment Group Control Group

- —e— Week 1
. —o— Week 2
™ —e— Week 3
- e S —— 0.65

week 4

0.65 1

0.60
0.60 1

0.55 -

0.55 4

Silhouette Score
Silhouette Score

0.50

0.50
0.45 4

.45 0.40 4

2 3 4 5 ) 7 8 o 10 2 3 4 5 6 F a8 a 10
Number of Clusters Number of Clusters

Figure G1. Silhouette scores for k = 2...10.

APPENDIX H: CLASSIFICATION M ODEL CONFIGURATION AND
PERFORMANCE METRICS (STEP 8)

This appendix presents supplementary details on classification models used to predict learner perfor-
mance from cognitive load indicators. Tables H1 and H2 provide sample categorization, while Fig-
ures H1, H2, and H3 report model performance metrics. Code Excerpt H1 demonstrates the model
training and evaluation procedures referenced in the results section.
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Table H1. Part of the treatment group categorized learners

Student ; Tim.e Spent on Learner category
quiz activity (minutes)

std1 2.833333333 Medium

std2 0 Absent/Not Attempted
std3 0 Absent/Not Attempted
std4 5.416666667 High

std5 6.4 High

std6 0 Absent/Not Attempted
std7 0 Absent/Not Attempted
std8 6.8 High

std9 0 Absent/Not Attempted
std10 0 Absent/Not Attempted

Table H2. Part of the control group categorized learners

Student : Tim.e spent on Learner category
quiz activity (minutes)
Std1 0 Absent/Not Attempted
Std2 15.8 High
Std3 0 Absent/Not Attempted
Std4 8.7 High
Std5 0 Absent/Not Attempted
Std6 0 Absent/Not Attempted
Std7 8.716666667 High
Std8 13.01666667 High
Std9 1.466666667 Low
Std10 8.3 High

Decision Tree Classifier:
Accuracy: 1.&
Classification Report:

precision recall fl-score supporit

a 1.aa 1.aa 1.aa k=1

i a.ea a1A.ea 1. T

2 a . e a1A.aa a1 .aa T

3 1.aa 1.aa 1.9 22

accuracy 1. 23
macirro awg a.aa A . e a1.aa 33
weighted avg 1.8 1.8 1.8 23

Confusion Matrimx:
[ = B8 5] a]
L & 1 [=] a]
[ e & 1 e]
[ e & & 2211

Figure H1. Decision tree classifier model performance
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Random Forest Classifier:
Accuracy: 1.a
Classification Report:

precision recall fl-score support
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Figure H2. Random forest classifier model performance

Logistic Regression Classifier:
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Classification Report:
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Figure H3. Logistic regression classifier model performance

Code Excerpt H1. Classification process

#clossification models

import pandas as pd

import re

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import LabelEncoder

from sklearn.tree import pecisiomTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.linear_model import LogisticRegressiocn

from sklearn.metrics import accuracy_score, classification report, confusion_matrix
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# Function to process dato and perform Learner classification
def process_data({file_names, group_name):
for week, file_mame in file_names.items():
print{f"wn{group_name} - {week}:")}
try:
data = pd.read_excel{file_name)
# Rename the column ‘student-name' to “student’
data.rename{columns={'student-name': °"sStudent'}, inplace=True}
if 'Grade/28" in data.columns:
# Cregte 'Performance’ column based on ‘Grade/s38'
data[ 'Performance'] = pd.cut(datal Grade/38'], bins=[&, 15, 2@, 38], labels=["FAIL", "'GOOD", 'EXCELLENT'])
# Encode ‘Performance’ column
label_encoder = LabelEncoder()
data[ 'Performance’] = label_encoder.fit_transform{data[ 'FPerformance"])

# Select features and target variable
¥ = data.drop{coclumns=["'student"', "Performance®])
¥y = data[Performance”]

# Check for non-numeric values in features
non_numeric_cols = X.select_ditypes(exclude=[ "fleoats4", 'ints4']).columns
if mon_numeric_cels.size > @@

¥.drop{columns=non_numeric_cols, inplace=True)

# Split dota into train and test sets
¥_train, X_test, y_traim, y_test = train_test_split{X, vy, test_size=08.2, random_state=42}

# Train Decision Tree classifier

dt_classifier = DecisionTreeClassifier()
dt_classifier.fit(X_train, y_train}

dt_predictions = di_classifier.predict{X_test}
dt_accuracy = accuracy_score(y_test, di_predictions)
dt_report = classification_report(y_test, di_predictions)
dt_conf_matrix = confusion_matrix(y_test, dt_predictions)

primt{"Decision Tree Classifier:"™)
primt{"Accuracy:", dt_accuracy)
primt{"Classification Report:\n", di_report)
primt{"“Confusicn Matrix:%n", dt_conf_matrix)

# Troin Random Forest classifier

rf_classifier = RandomForestClassifier()
rf_classifier.fit(X_train, y_train)

rf_predictions = rf_classifier.predict{X_test}
rf_accuracy = accuracy_score(y_test, rf_predictions)
rf_report = classification_report(y_test, rf_predictions)
rf_conf_matrix = confusion_matrix(y_test, rf_predictions)

primt{"vnRandom Forest Classifier:")
print{"Accuracy:", rf_accuracy)
primt{"Classification Report:\n", rf_report)
primt{"“Confusion Matrix:%n", rf_conf_matrix)

Model performance full metrics

Treatment Group - Week 1:

X shape after preprocessing: (162, 7)

X train shape: (96, 7), y train shape: (96,)

X val shape: (33, 7), y val shape: (33,)

proba predictions shape for Random Forest: (33, 4)

proba predictions shape for Support Vector Machine: (33, 4)

proba predictions shape for Naive Bayes: (33, 4)

proba predictions shape for K-Nearest Neighbors: (33, 4)
Classifier Training Time (s) Accuracy Precision

Recall \
0 Random Forest 0.158737 0.939394 0.903030
0.939394
1 Support Vector Machine 0.005100 0.939394 0.888889
0.939394
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2 Naive Bayes 0.001998 0.939394 0.888889
0.939394
3 K-Nearest Neighbors 0.001999 0.848485 0.807359
0.848485
Fl-Score AUC Error Rate Support
0 0.916667 0.991935 0.060606 33.0
1 0.911846 0.959677 0.060606 33.0
2 0.911846 0.875000 0.060606 33.0
3 0.818759 0.840667 0.151515 33.0

Treatment Group - Week 2:

X shape after preprocessing: (180, 7)

X train shape: (108, 7), y train shape: (108,)

X val shape: (36, 7), y val shape: (36,)

proba predictions shape for Random Forest: (36, 3)

Error processing Week 2 data: Number of classes in y true not equal to
the number of columns in ‘y score.’

Treatment Group - Week 3:

X shape after preprocessing: (191, 7)

X train shape: (114, 7), y train shape: (114,)

X val shape: (38, 7), y val shape: (38,)

proba predictions shape for Random Forest: (38, 4)

Error processing Week 3 data: Number of classes in y true not equal to
the number of columns in ‘y score.’

Treatment Group - Week 4:

X shape after preprocessing: (193, 7)

X train shape: (115, 7), y train shape: (115,)
X val shape: (39, 7), y val shape: (39,)

proba predictions shape for Random Forest: (39, 4)
proba predictions shape for Support Vector Machine: (39, 4)
proba predictions shape for Naive Bayes: (39, 4)
proba predictions shape for K-Nearest Neighbors: (39, 4)
Classifier Training Time (s) Accuracy Precision
Recall \
0 Random Forest 0.150589 1.000000 1.000000
1.000000
1 Support Vector Machine 0.006149 0.846154 0.873626
0.846154
2 Naive Bayes 0.001999 0.923077 0.940171
0.923077
3 K-Nearest Neighbors 0.003999 0.743590 0.800366
0.743590
Fl-Score AUC Error Rate Support
0 1.000000 1.000000 0.000000 39.0
1 0.828853 0.900769 0.153846 39.0
2 0.924542 0.978439 0.076923 39.0
3 0.762393 0.861066 0.256410 39.0

Control Group - Week 1:

X shape after preprocessing: (183, 7)

X train shape: (109, 7), y train shape: (109,)

X val shape: (37, 7), y val shape: (37,)

proba predictions shape for Random Forest: (37, 4)

30



Ogwoka, Oboko, & Chepken

proba predictions shape for Support Vector Machine: (37, 4)
proba predictions shape for Naive Bayes: (37, 4)
proba predictions shape for K-Nearest Neighbors: (37, 4)
Classifier Training Time (s) Accuracy Precision

Recall \
0 Random Forest 0.151800 0.945946 0.927928
0.945946
1 Support Vector Machine 0.004001 0.918919 0.873874
0.918919
2 Naive Bayes 0.001999 0.810811 0.881596
0.810811
3 K-Nearest Neighbors 0.001999 0.864865 0.888889
0.864865

Fl-Score AUC Error Rate Support
0 0.932432 0.978968 0.054054 37.0
1 0.894349 0.968651 0.081081 37.0
2 0.829580 0.910847 0.189189 37.0
3 0.876245 0.954993 0.135135 37.0

Control Group - Week 2:

X shape after preprocessing: (232, 7)

X train shape: (138, 7), y train shape: (138,)
X val shape: (47, 7), y_val shape: (47,)

proba predictions shape for Random Forest: (47, 4)
proba predictions shape for Support Vector Machine: (47, 4)
proba predictions shape for Naive Bayes: (47, 4)
proba predictions shape for K-Nearest Neighbors: (47, 4)
Classifier Training Time (s) Accuracy Precision
Recall \
0 Random Forest 0.153562 0.978723 0.959574
0.978723
1 Support Vector Machine 0.004997 0.978723 0.959574
0.978723
2 Naive Bayes 0.001996 0.978723 0.959574
0.978723
3 K-Nearest Neighbors 0.002069 0.957447 0.939480
0.957447
Fl-Score AUC Error Rate Support
0 0.968645 0.977323 0.021277 47.0
1 0.968645 0.999269 0.021277 47.0
2 0.968645 0.871711 0.021277 47.0
3 0.947400 0.867786 0.042553 47.0

Control Group - Week 3:

X shape after preprocessing: (214, 7)

X train shape: (128, 7), y train shape: (128,)

X val shape: (43, 7), y val shape: (43,)

proba predictions shape for Random Forest: (43, 4)

proba predictions shape for Support Vector Machine: (43, 4)

proba predictions shape for Naive Bayes: (43, 4)

proba predictions shape for K-Nearest Neighbors: (43, 4)
Classifier Training Time (s) Accuracy Precision

Recall \

0 Random Forest 0.154660 0.976744 0.955277

0.976744
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1 Support Vector Machine 0.005090 0.976744 0.955603
0.976744
2 Naive Bayes 0.001996 0.976744 0.955277
0.976744
3 K-Nearest Neighbors 0.001999 0.976744 0.955603
0.976744
Fl-Score AUC Error Rate Support
0 0.965581 0.990399 0.023256 43.0
1 0.965670 0.904762 0.023256 43.0
2 0.965581 0.875000 0.023256 43.0
3 0.965670 0.867911 0.023256 43.0

Control Group - Week 4:

X shape after preprocessing: (222, 7)

X train shape: (132, 7), y train shape: (132,)

X val shape: (45, 7), y val shape: (45,)

proba predictions shape for Random Forest: (45, 4)

proba predictions shape for Support Vector Machine: (45, 4)

proba predictions shape for Naive Bayes: (45, 4)

proba predictions shape for K-Nearest Neighbors: (45, 4)
Classifier Training Time (s) Accuracy Precision

Recall \
0 Random Forest 0.152646 0.933333 0.983333
0.933333
1 Support Vector Machine 0.005996 0.777778 0.780952
0.777778
2 Naive Bayes 0.001982 0.955556 0.966667
0.955556
3 K-Nearest Neighbors 0.002108 0.800000 0.819259
0.800000

Fl-Score AUC Error Rate Support
0 0.933333 1.000000 0.066667 45.0
1 0.770000 0.944893 0.222222 45.0
2 0.958057 1.000000 0.044444 45.0
3 0.798942 0.881739 0.200000  45.0
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APPENDIX G: ASSOCIATION RULE MINING PROCEDURES (STEP 9)

This appendix details the association rule mining procedures used to identify recurring relationships
between cognitive load patterns and learner performance. Code Excerpt I1 illustrates the implemen-
tation of the Apriori-based rule mining algorithm.

Code Excerpt I1. Association rules evaluation

import pandas as pd
from mlxtend. frequemt_patterns import apriori, association_rules

# Step 1: Lood the dotaset
df = pd.read_excel( 'wka-tg-indicators-rules.xlsx"})

# Step 2: Display the First few rows of the dotaframe
print("First few rows of the dataset:™)
print(df.head())

# Step 2: Preprocess the dota (ifFf necessary)
# Mo preprocessing required in this case

# Step 4: Perjorm Association Rule Mining
& Conwvert the dataset into a transaction jFormat
transactions = df.applymap(str)

# Perform one-hot encoding
onehot = pd.get _dummies{transactions}

# Apply the Apriori glgorithm to Find Freguent itemsets
frequent_itemsets = apricorif{onehot, min_support=2.&, use colnames=Trus)

# Genergte association rules
rules = association_rules(frequemt_itemsets, metric='confidence', min_threshold=a.3)

# Step 5: Display the generated rules

print{"\neenerated Association Rules:™)
print(rules)
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